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Impact of a computed tomography-based artificial intelligence software 
on radiologists’ workflow for detecting acute intracranial hemorrhage

PURPOSE
To assess the impact of a commercially available computed tomography (CT)-based artificial intel-
ligence (AI) software for detecting acute intracranial hemorrhage (AIH) on radiologists’ diagnostic 
performance and workflow in a real-world clinical setting.

METHODS
This retrospective study included a total of 956 non-contrast brain CT scans obtained over a 70-day 
period, interpreted independently by 2 board-certified general radiologists. Of these, 541 scans 
were interpreted during the initial 35 days before the implementation of AI software, and the re-
maining 415 scans were interpreted during the subsequent 35 days, with reference to AIH probabil-
ity scores generated by the software. To assess the software’s impact on radiologists’ performance 
in detecting AIH, performance before and after implementation was compared. Additionally, to 
evaluate the software’s effect on radiologists’ workflow, Kendall’s Tau was used to assess the correla-
tion between the daily chronological order of CT scans and the radiologists’ reading order before 
and after implementation. The early diagnosis rate for AIH (defined as the proportion of AIH cases 
read within the first quartile by radiologists) and the median reading order of AIH cases were also 
compared before and after implementation.

RESULTS
A total of 956 initial CT scans from 956 patients [mean age: 63.14 ± 18.41 years; male patients: 
447 (47%)] were included. There were no significant differences in accuracy [from 0.99 (95% con-
fidence interval: 0.99–1.00) to 0.99 (0.98–1.00), P = 0.343], sensitivity [from 1.00 (0.99–1.00) to 1.00 
(0.99–1.00), P = 0.859], or specificity [from 1.00 (0.99–1.00) to 0.99 (0.97–1.00), P = 0.252] following 
the implementation of the AI software. However, the daily correlation between the chronological 
order of CT scans and the radiologists’ reading order significantly decreased [Kendall’s Tau, from 
0.61 (0.48–0.73) to 0.01 (0.00–0.26), P < 0.001]. Additionally, the early diagnosis rate significantly 
increased [from 0.49 (0.34–0.63) to 0.76 (0.60–0.93), P = 0.013], and the daily median reading order 
of AIH cases significantly decreased [from 7.25 (Q1–Q3: 3–10.75) to 1.5 (1–3), P < 0.001] after the 
implementation.

CONCLUSION
After the implementation of CT-based AI software for detecting AIH, the radiologists’ daily reading 
order was considerably reprioritized to allow more rapid interpretation of AIH cases without com-
promising diagnostic performance in a real-world clinical setting. 

CLINICAL SIGNIFICANCE
With the increasing number of CT scans and the growing burden on radiologists, optimizing the 
workflow for diagnosing AIH through CT-based AI software integration may enhance the prompt 
and efficient treatment of patients with AIH. 
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Early and accurate detection of acute 
intracranial hemorrhage (AIH) on brain 
computed tomography (CT) is imper-

ative due to the serious risks posed by this 
condition.1-3 Timely diagnosis allows for im-
mediate, life-saving intervention, whereas 
delayed detection can result in severe brain 
damage or death.2-4 However, the rapidly in-
creasing number of CT scans performed dai-
ly has placed a substantial burden on med-
ical staff, including radiologists, potentially 
compromising the accuracy and timeliness 
of AIH diagnosis.5,6

In addition to the increasing workload, 
radiologists often face interruptions in their 
workflow due to various factors, such as ur-
gent consultations, training of junior staff, 
and technical issues with imaging equip-
ment.7-9 These disruptions can lead to delays 
in image interpretation, increased cognitive 
load, and even diagnostic errors, particular-
ly in high-stakes conditions such as AIH.10,11 
Such challenges underscore the importance 
of optimizing radiologists’ workflow to en-
sure timely and accurate diagnoses.12

Recently, artificial intelligence (AI) has 
become a major focus in the field of neu-
roradiology, and numerous commercially 
available AI-based software programs have 
been developed for detecting acute cere-
bral findings.13-18 Although previous studies 
have demonstrated the impressive stand-
alone performance of these AI algorithms 
in diagnosing AIH and other stroke-relat-
ed conditions on CT scans, their potential 
benefits for workflow optimization remain 
underexplored. Although early and prompt 
decision-making in AIH cases is critical for 
patient outcomes,2-4 radiologists have tradi-
tionally relied on ambiguous prioritization 
systems such as stat, routine, or first-in, first-
out (FIFO). This is largely because they are 

unable to assess the urgency of each exam 
in the worklist before opening it in the pic-
ture archiving and communication system 
(PACS).19,20 To address this issue, some studies 
have shown that integrating AI algorithms 
into the PACS can greatly improve turn-
around time (TAT) by prioritizing images 
based on urgency, thereby facilitating fast-
er intervention and improved outcomes.20-24 
Therefore, evaluating the impact of AI soft-
ware on radiologists’ workflow in real-world 
settings is crucial for advancing its practical 
integration. 

This observational study aims to explore 
the impact of a commercially available CT-
based AI software for detecting AIH on ra-
diologists’ diagnostic performance and their 
workflow in a real-world clinical setting. 

Methods
The retrospective study was performed in 

line with the principles of the Declaration of Hel-
sinki and approved by the Eunpyeong St. Mary’s 
Hospital’s Institutional Review Board (protocol 
number: PC24RASI0078, date: June 2024), and 
informed consent was waived according to the 
decision of the board committee. 

Sample eligibility 

A total of 1,375 non-contrast brain CT 
scans from patients with suspected AIH (in-
cluding subdural, epidural, subarachnoid, 
intraparenchymal, and intraventricular hem-
orrhages) were potentially eligible over a 70-
day period between December 1, 2023, and 
February 9, 2024. During this period, scans 

were included based on the following crite-
ria: (1) the first CT scan performed during the 
patient’s clinical course, (2) acceptable image 
quality for interpretation, and (3) availabil-
ity of complete radiologist reports. All po-
tentially eligible CT scans were reviewed by 
a board-certified neuroradiologist with 11 
years of experience (J.K.) according to these 
criteria. After review, 273 follow-up scans, 
140 scans with major metal artifacts caused 
by clips or coils, and 6 scans without radiolo-
gist interpretation were excluded. Ultimately, 
956 non-contrast brain CT scans were includ-
ed in this study.

To distinguish between study periods 
before and after AI software implementa-
tion, the boundary date was set as January 
5, 2024, the date of implementation. Conse-
quently, the pre-AI period was defined as the 
35 days from December 1, 2023, to January 
4, 2024, whereas the post-AI period covered 
the following 35 days from January 5 to Feb-
ruary 9, 2024. Of the 956 brain CT scans, 541 
were acquired during the pre-AI period, and 
the remaining 415 during the post-AI period 
(Figure 1). 

Computed tomography scanning protocol

CT scans were performed using one of 
two CT machines at the institution. Machine 
A was a 128-slice single-source CT scanner 
(SOMATOM Edge, Siemens Healthineers, 
Forchheim, Germany) with a tube potential 
of 70–140 kVp and 20–800 mA; machine B 
was a dual-source CT scanner (SOMATOM 
Force, Siemens Healthineers, Germany) with 

Figure 1. Flowchart of study enrollment. AI, artificial intelligence; AIH, acute intracranial hemorrhage; CT, 
computed tomography.

Main points

•	 A commercially available computed to-
mography-based artificial intelligence (AI) 
software was developed to ease the grow-
ing burden on radiologists to promptly di-
agnose acute intracranial hemorrhage (AIH).

•	 Evaluating AI software in a real-world clini-
cal setting is essential for practical use. 

•	 The implementation of this AI software con-
siderably optimized radiologists’ prioritiza-
tion of reading order and enabled earlier re-
porting of AIH cases without compromising 
performance.

•	 The optimized workflow by the AI software 
integration is expected to improve the 
prompt and efficient treatment of patients 
with AIH.
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a variable tube potential of 70–150 kVp and 
20–1300 mA. The acquisition parameters 
were as follows: slice thickness, 4 mm with-
out gap; rotation time, 1.0 s; pitch, 1; auto-
matic tube voltage modulation (CARE kV, 
Siemens Healthineers, Germany) using a ref-
erence of 120 kV; automatic tube current se-
lection (CAREDose 4D, Siemens Healthineers, 
Germany) using a reference of 250 mAs; and 
collimation of 128 × 0.6 for machine A and 
192 × 0.6 for machine B.

Artificial intelligence software develop-
ment 

The commercially available CT-based AI 
software for detecting AIH (HyperInsight - 
ICH, version 2.0.1, Purple AI Inc., Korea) used 
in this study was developed using deep 
learning algorithms trained on 28,351 slices 
from 2,010 patients with AIH and 1,000 nor-
mal participants. The AIH detection process 
employed a joint convolutional and recur-
rent neural network-based sequence module 
that provided AIH probability scores (ranging 
from 0 to 100) on both a patient-wise and 
slice-wise basis. It also generated anomalies 
for patients with AIH by subtracting original 
CT images from restored images and post-
processing them using unsupervised train-
ing on normal datasets. AI-assisted brain CT 
images showing AIH locations and scores 
were displayed to the radiologists on the 
PACS viewer alongside the original images.18

Ground truth for acute intracranial hemor-
rhage

To establish the ground truth for AIH, 2 
board-certified neuroradiologists (S.W.O. and 
H.Y.L., with 17 and 19 years of experience in 
brain imaging, respectively) independently 
reviewed the same set of 956 non-contrast 
brain CT scans. The neuroradiologists diag-
nosed AIH based solely on CT findings and 
were blinded to patients’ clinical information, 
previous reading results, and follow-up im-
aging. In cases of disagreement, the ground 
truth was determined by consensus, refer-
ring to other available imaging modalities.

Radiologists’ computed tomography inter-
pretation 

Two board-certified general radiologists 
(H.B. and H.S., each with 10 years of experi-
ence in brain imaging without fellowship 
training in neuroradiology) routinely inter-
preted the enrolled non-contrast brain CT 
scans as part of clinical practice. These ra-
diologists were blinded and unaware of the 
study’s purpose and design throughout the 
entire study period. Therefore, they could 

freely refer to patients’ clinical information 
and other available studies using the institu-
tion’s PACS (ZeTTA PACS, version 1.0.0.42.10, 
TaeYoung Soft, Korea). Prior to AI software 
implementation, the two radiologists re-
ceived brief training in using the software 
from a board-certified neuroradiologist (J.K.) 
for 1 day. The radiologists required minimal 
learning time with the AI software, as the 
probability scores were intuitively presented 
within the existing worklist interface. After 
implementation, the AIH probability scores 
generated by the software were integrated 
into the PACS worklist, allowing the radiolo-
gists to determine the reading order based 
on the scores. Figure 2 exemplifies the work-
lists before and after implementation. During 
the entire study period, CT scan completion 
time and the radiologists’ final report time 
were automatically recorded on the PACS 
server of our institution.

Definition of the early diagnosis rate

Since early diagnosis of AIH is crucial for 
improving patient outcomes,1-4 the early 
diagnosis rate for AIH cases was defined to 
assess the potential effectiveness of changes 
to the reading order. The first quartile of the 
radiologists’ reading order was chosen as the 
threshold for defining early diagnosis, be-
cause the first quartile is commonly used to 
identify the highest-priority or most urgent 
cases in general medical practice.25,26 By us-
ing the first quartile of reads, the aim was to 
assess the effectiveness of the prioritization 
by the AI software. The equation for the early 
diagnosis rate was defined as follows:

=
Early 
Diagnosis 
Rate

AIH cases read rapidly within the 
first quartile by radiologists

Total AIH cases

        (1)

Statistical analysis

The sample size of the case group was cal-
culated based on a significance level of 0.05, 
a statistical power of 0.8, a specificity of 0.90 
from a previous meta-analysis, and a speci-
ficity of 0.984 from prior validation research, 
with a dropout rate of 10%.13,17 The deter-
mined sample size for the study was 202 cas-
es. Due to its explanatory nature, the sample 
size for the daily analysis was determined 
based on previous studies,27 and a minimum 
of 1 month was selected for each period be-
fore and after AI software implementation. 
The stand-alone performance of the AI soft-
ware after implementation was evaluated 
using the area under the receiver operating 
characteristic curve (AUC), accuracy, sensitiv-
ity, and specificity. 

First, a simple comparison of the radiol-
ogists’ absolute TAT (the time gap between 
CT scan completion and the radiologists’ fi-
nal report) was conducted as a preliminary 
study. The TAT of cases with and without 
AIH between the pre-and post-AI periods 
was compared using an independent t-test, 
following the Shapiro–Wilk test for normal-
ity. This preliminary comparison aimed to 
explore the feasibility of conducting daily 
comparisons and to avoid bias arising from 
TAT comparisons.

Furthermore, to evaluate the impact of 
AI software on the radiologists’ daily diag-
nostic performance for AIH, their accuracy, 
sensitivity, and specificity were calculated in 
both pre-and post-AI periods and compared 
between the two periods. Moreover, the im-
pact of false negative and false positive cas-
es generated by the AI software on radiolo-
gists’ decisions was assessed in an additional 
sub-analysis.

Figure 2. This figure provides examples of the worklists used in the study. The left worklist during the pre-
AI period shows the radiologists’ routine worklists before AI software implementation. By contrast, in the 
SK_BRAIN column, the AIH probability scores generated by the software were added to the worklist during 
the post-AI period. Consequently, the radiologists could use the score to predict that the cases with a blue 
background (*) were less likely to exhibit AIH, whereas the cases with a red background were more likely to 
exhibit AIH (†) after the implementation. AI, artificial intelligence; AIH, acute intracranial hemorrhage.
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Lastly, the impact of the AI software on 
the radiologists’ workflow was evaluated. 
The ordinal correlation between the chrono-
logical order of CT scans and the radiologists’ 
reading order was measured using Kendall’s 
Tau in both pre-and post-AI periods. These 
rank correlation coefficients were compared 
between the two periods. In addition, the 
modified reading order was evaluated to 
confirm whether it appropriately prioritized 
the rapid reading of AIH. For this evaluation, 
the daily early diagnosis rate for AIH cases 
and the median reading order of AIH were 
calculated in both pre- and post-AI periods 
and compared between the two periods.

Mean daily diagnostic performance; Ken-
dall’s Tau; early diagnosis rate for AIH cases; 
median reading order of AIH; and baseline 
characteristics including age, gender pro-
portion, AIH incidence, Glasgow Coma Scale 
scores, and modified Rankin scale scores 
between the pre-and post-AI periods were 
compared using independent t-tests or 
Mann–Whitney U tests following the Shap-
iro–Wilk test. A visual summary of the com-
parison analyses is presented in Figure 3. 

Continuous variables were described as 
means with 95% confidence intervals (CIs) 
using bootstrapping, and ordinal variables 
were described as medians with ranges from 
the 25th percentile (Q1) to the 75th percentile 
(Q3). The statistical software MedCalc (ver-
sion 23.2.1, MedCalc Software Ltd, USA) was 
used for statistical analysis. A P value less 
than 0.05 was considered statistically signif-
icant.

Results

Patient characteristics 

A total of 956 initial CT scans from 956 pa-
tients were included. Of these, 541 and 415 

CT scans were acquired during the pre-and 
post-AI periods, respectively. The mean age 
of the total patient cohort was 63.14 years ± 
18.41 (standard deviation), the proportion 
of male participants was 45%, and the inci-
dence of AIH was 13%. There was no signifi-
cant difference in median age [pre-AI period: 
67 years (51–77); post-AI period: 67 (52–78); 
P = 0.558], number of male patients [pre-AI 
period: 246 (45%); post-AI period: 201 (48%); 
P = 0.363], AIH cases [pre-AI period: 72 (13%); 
post-AI period: 50 (12%); P = 0.681], median 
Glasgow Coma Scale score [pre-AI period: 
15 (15–15); post-AI period: 15 (15–15); P = 
0.831], and modified Rankin scale scores 
[pre-AI period: 0 (0–0); post-AI period: 0 (0–
0); P = 0.295] before and after AI implemen-
tation. The number of daily CT scans [pre-AI 
period: 12 (7.25–17.75); post-AI period: 12 
(10–19.75); P = 0.256] and daily AIH cases 
[pre-AI period: 1 (0–1.75); post-AI period: 2 
(1–3); P = 0.063] were not significantly differ-
ent. These results are summarized in Table 1. 

Preliminary comparison of turnaround 
time

In the preliminary study, the mean TAT 
significantly decreased (from 1,610 min to 
1,145 min, P < 0.001) after AI software imple-

mentation. When analyzed by cases with and 
without AIH, TAT significantly decreased in 
both cases with AIH (from 1,452 min to 870 
min, P < 0.001) and without AIH (from 2,084 
min to 1,184 min, P < 0.001) after AI software 
implementation. These preliminary results 
are illustrated in Figure 4.

Stand-alone performance of the artificial 
intelligence software

The prevalence of AIH in the post-AI peri-
od was 12%. After AI software implementa-
tion, the AUC for the standalone AI software 
was 0.99 (95% CI, 0.98–0.99) in detecting 
AIH. The accuracy, sensitivity, and specificity 
were 0.98 (95% CI, 0.97–0.99), 0.96 (95% CI, 
0.86–0.99), and 0.99 (95% CI, 0.97–0.99), re-
spectively, using a probability score cut-off of 
50% for detecting AIH. 

Diagnostic performance of radiologists

The radiologists’ daily accuracy [from 0.99 
(95% CI, 0.99–1.00) to 0.99 (95% CI, 0.98–
1.00), P = 0.343], sensitivity [from 1.00 (95% 
CI, 0.99–1.00) to 1.00 (95% CI, 0.99–1.00), P 
= 0.859], and specificity [from 1.00 (95% CI, 
0.99–1.00) to 0.99 (95% CI, 0.97–1.00), P = 
0.252] for detecting AIH were not significant-

Figure 3. This figure presents a schematic representation of the statistical analyses used in this study. To assess the AI software’s impact on the radiologists’ diagnostic 
performance (a) in AIH detection, performance was compared before and after implementation. To assess the impact of the software on the radiologists’ workflow, 
Kendall’s Tau (b) was used to compare the correlation between the daily chronological order of the CT scan and the radiologists’ reading order before and after the 
implementation. The median reading order of AIH (c) and the early diagnosis rate for AIH (d) (defined as the proportion of AIH cases read rapidly within the top 
quarter by radiologists) were compared before and after implementation. AI, artificial intelligence; AIH, acute intracranial hemorrhage; CT, computed tomography.

Table 1. Baseline characteristics of patients

Baseline characteristics Pre-AI period (n = 541) Post-AI period (n = 415) P value

Age (years)* 67 (51–77) 67 (52–78) 0.558

Number of male patients (%) 246 (45) 201 (48) 0.363

Number of AIH cases (%) 72 (13) 50 (12) 0.681

Glasgow Coma Scale score* 15 (15–15) 15 (15–15) 0.831

Modified Rankin Scale score* 0 (0–0) 0 (0–0) 0.295

Number of daily CT scans* 12 (7.25–17.75) 12 (10–19.75) 0.256

Number of daily AIH cases* 1 (0–1.75) 2 (1–3) 0.063

*The Mann–Whitney U test was used, and the values are presented as the median with the range between Q1 and 
Q3. AI, artificial intelligence; AIH, acute intracranial hemorrhage; CT, computed tomography.
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ly different after AI software implementation. 
These results are summarized in Table 2. 

In an additional sub-analysis of false neg-
ative and false positive cases, there were two 
false negative and four false positive cases 
generated by the AI software. However, the 
radiologists’ diagnoses and the ground truth 
for AIH were entirely identical even in these 
cases. Examples of cases with and without 
AIH integrated with the AI software are illus-
trated in Figure 5. 

Prioritization of reading order and early di-
agnosis

The daily correlation between the chrono-
logical order of CT scans and the radiologists’ 
reading order significantly decreased after 
AI software implementation [Kendall’s Tau: 
from 0.61 (95% CI, 0.48–0.73) to 0.01 (95% 
CI, 0.00–0.26), P < 0.001]. The radiologists’ 
daily early diagnosis rate of AIH significantly 
increased after AI software implementation 
[from 0.50 (0.23–1.00) to 1.00 (0.55–1.00), P 
= 0.014]. Furthermore, the radiologists’ daily 
median reading order for AIH cases signifi-
cantly decreased after AI software imple-
mentation [from 7.25 (3–11.75) to 1.5 (1–3), 
P < 0.001]. These results are summarized in 
Table 2 and illustrated in Figure 6.

Discussion
This study aimed to assess the impact of a 

commercially available CT-based AI software 
for AIH detection on radiologists’ diagnostic 
performance and workflow. The software 
greatly optimized radiologists’ reading pri-
oritization and enabled them to read AIH 
cases more rapidly in daily practice. Further-
more, the AI software did not compromise 
the radiologists’ diagnostic performance for 
detecting AIH, even in cases where the AI 
generated false positives or false negatives.

Regarding the radiologists’ diagnostic 
performance for AIH, the impact of the AI 
software was negligible, and the radiolo-
gists were not influenced by the false neg-
ative or false positive results generated by 
the software. Several factors may explain 
this finding. First, the study design played a 
role. In this observational study, the readers 
had access to patient information and oth-
er examinations as part of routine clinical 
practice, unlike previous validation studies 
with controlled conditions where readers 
lacked clinical context.17 Additionally, the 
diagnostic accuracy of board-certified ra-
diologists for AIH is known to be particularly 
high in routine clinical settings.1-3 Therefore, 
it is not surprising that the radiologists in 

this study–being board-certified and expe-
rienced in diagnosing AIH–maintained high 
performance. Notably, the minor changes in 
accuracy and specificity may indicate effec-
tive management of false positives by the AI 
software. In other words, potential false pos-
itives generated by the AI were either easily 
recognized or efficiently disregarded, there-
by not compromising diagnostic outcomes. 
Consequently, our findings suggest that the 
AI software’s impact on detection perfor-
mance may be negligible–or at least not det-
rimental–when radiologists interpret images 
under routine conditions or already possess 
sufficient diagnostic expertise.28,29 

To evaluate whether the AI software could 
influence the radiologists’ actual reading or-

der, we compared the correlation between 
the chronological order of CT scans and the 
radiologists’ reading order before and after 
AI software implementation. Before the im-
plementation, there was a high correlation 
between the two, suggesting that radiolo-
gists typically interpreted CT scans using a 
traditional stat or FIFO prioritization system. 
However, after implementation, a consid-
erable dissociation between the two orders 
was observed, along with an increased early 
diagnosis rate of AIH. This suggests that the 
integrated AI software substantially altered 
the radiologists’ reading order and facilitated 
prioritization of CT scans with AIH over those 
without. This shift in prioritization occurred 
because radiologists could estimate the ur-

Figure 4. In each figure, the left image shows a non-contrast brain CT scan, whereas the right image shows 
an overlaid heatmap of AIH generated by the AI software. The red box below depicts the AIH probability 
score (hemo. score) for both the slice- and patient-wise levels, as well as the model and version information 
of the AI software. (a) AIH is not visible on the CT scan, resulting in an AIH probability score of less than 50%, 
with no heatmap. (b) There is AIH in the left basal ganglia, extending to the left lateral ventricle, resulting 
in a probability score of over 50% with a visible heatmap. AI, artificial intelligence; AIH, acute intracranial 
hemorrhage; CT, computed tomography.

a

b

Table 2. Radiologists’ diagnostic performance, prioritization of reading order, and early 
diagnosis between the pre- and post-AI periods

Variables Pre-AI period (35 days) Post-AI period (35 days) P value

Accuracy† 0.99 (0.99–1.00) 0.99 (0.98–1.00) 0.343

Sensitivity† 1.00 (0.99–1.00) 1.00 (0.99–1.00) 0.859

Specificity† 1.00 (0.99–1.00) 0.99 (0.97–1.00) 0.252

Kendall’s Tau† 0.61 (0.48–0.73) 0.01 (0.00–0.26) <0.001*

Early diagnosis rate‡ 0.50 (0.23–1.00) 1.00 (0.55–1.00) 0.014*

Median reading order‡ 7.25 (3.00–10.75) 1.50 (1.00–3.00) <0.001*

*P < 0.05, statistical significance. †An independent t-test was used, and the values are presented as the mean with 
95% CI. ‡The Mann–Whitney U test was used, and the values are presented as the median with the range between 
Q1 and Q3. AI, artificial intelligence; CI, confidence interval.
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gency of AIH cases by referring to the AIH 
probability score before opening a CT scan 
from their worklist. This predictability led to a 
remarkable increase in early diagnosis. After 
implementation, the median reading order 
of AIH cases considerably decreased, and the 
early diagnosis rate for AIH cases increased 
substantially. These changes signify that the 
radiologists’ workflow was prioritized and 
optimized to allow for more rapid interpreta-
tion of AIH cases. Considering that non-con-
trast brain CT is the first-line approach for 
AIH, these improvements brought by the AI 
software may enhance not only the prompt-
ness but also the efficiency of clinical diagno-
sis and treatment for patients with suspected 
AIH.1-4,6,24

In terms of patient characteristics, the 
modified Rankin scale scores were not con-
siderably different after AI software imple-
mentation. However, these findings should 
be interpreted with caution. Because the pri-
mary objective of this study was to evaluate 
the impact of AI integration on radiologists’ 
workflow, the AI software was not utilized by 
physicians in clinical decision-making. More-
over, functional outcomes are influenced by 
a wide range of clinical variables, including 
age, neurological status, comorbidities, and 
treatment delays.2-4,16 None of these factors 
were adjusted for in our analysis, as this was 
beyond the scope of the study. Therefore, 
the lack of observed improvement in func-
tional outcomes does not imply that the AI 
software lacks clinical value. On the contrary, 
considering our findings demonstrating en-
hanced reading prioritization by AI and pre-
vious research indicating the greatest bene-
fits of AI when used by clinicians,17 it can be 
inferred that AI contributes to efficiency and 
potentially improves patient care in clinical 
environments. Consequently, this study re-
mains important as it establishes a founda-
tion for the broader adoption of AI in clinical 
practice.

In this study, we conducted an ordinal 
comparison on a daily basis rather than a 
simple TAT comparison between the pre-
AI and post-AI periods, as the mean TAT for 
both cases with and without AIH had already 
decreased substantially in the preliminary 
study. Radiologists’ TAT can be affected by 
numerous factors, including routine tasks, 
working days, or other unexpected circum-
stances,7-11 and the radiologists in this study–
who interpreted various imaging modalities 
across different body parts–may have been 
similarly influenced.19,20 Therefore, our daily 
ordinal comparison of radiologists’ reading 
order more accurately reflected their work-

flow in a routine real-world clinical setting 
than a simple TAT comparison. As a result, we 
mitigated potential bias and gained clearer 
insights into radiologists’ workflow. 

This study had several limitations. First, its 
retrospective observational design may have 
introduced uncontrolled bias that could 
have affected our results. Second, the find-
ings were based on data from a single insti-

Figure 6. This figure illustrates box and whisker plot charts comparing variables between the pre-AI 
(blue box) and post-AI (red box) periods. (a) Kendall’s Tau between the chronological order and (b) the 
radiologists’ reading order considerably decreased, whereas the early diagnosis rate for AIH considerably 
increased after AI software implementation. (c) The median reading order of AIH decreased substantially 
after implementation. An asterisk (*) indicates a statistically significant difference. AI, artificial intelligence; 
AIH, acute intracranial hemorrhage.

a b c

Figure 5. This figure illustrates box and whisker plot charts comparing TAT between the pre-AI (blue box) 
and post-AI (red box) periods. In the overall case (a), the mean TAT considerably decreased after AI software 
implementation. The mean TATs of cases without (b) and with AIH (c) in the post-AI period were considerably 
shorter than those in the pre-AI period. An asterisk (*) indicates a statistically significant difference. AI, 
artificial intelligence; AIH, acute intracranial hemorrhage; TAT, turnaround time.

a b c
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tution using machines from a single vendor, 
which may limit the generalizability of the 
study. Additionally, radiologists’ experience 
levels, institutional CT workflow protocols, 
and the availability of technical support may 
vary greatly across centers, potentially in-
fluencing both diagnostic performance and 
the impact of AI-driven prioritization.30 Third, 
our statistical analysis of daily comparisons 
for radiologists’ performance and workflow, 
while logically sound, may have unpredict-
ably weakened statistical power by reducing 
the sample size from hundreds to dozens. To 
maintain statistical robustness without sacri-
ficing temporal granularity, future research 
could employ rolling averages, time-series 
models that account for intraday variabili-
ty, or extend the study period. Finally, this 
comparison study focused solely on the daily 
impact of AI software assistance on AIH de-
tection within the radiologists’ workflow and 
did not assess broader real-world challeng-
es. For instance, integrating AI into clinical 
workflows requires substantial computa-
tional resources and careful implementation 
planning. Therefore, additional prospective 
multicenter trials involving multiple vendors, 
a larger reader cohort, and diverse clinical 
settings are needed to mitigate potential se-
lection bias and improve generalizability.30,31

In conclusion, the integration of CT-based 
AI software for detecting AIH considerably 
enhanced the prioritization of radiologists’ 
reading order and accelerated their interpre-
tation of AIH cases while maintaining diag-
nostic performance by optimizing workflows 
in real-world clinical settings. Consequently, 
with the increasing number of CT scans and 
the growing demands placed on radiologists, 
AI software is expected to improve workflow 
efficiency and support the prompt and effec-
tive treatment of patients with AIH.
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